Based on a comprehensive approach that uses the computer simulation of the process of destroying structural materials and technology of self-learning neural networks, a methodology has been developed
Introduction
Practically all NPP secondary circuit pipelines and equipment elements, made of pearlitic and slightly alloyed steels, are subject to FAC. FAC of the elements of NPP pipelines is manifested in the form of thinning, which ultimately leads to their destruction. A great variety of mechanisms for destroying NPP pipeline metallic areas is connected with the difference in geometry, thermohydrodynamic characteristics, water and chemical parameters of the working medium, etc. Therefore, in order to optimize the amount of control and prevent critical situations, the task of predicting FAC rate in NPP pipeline elements is topical.
The calculation of FAC rate from the operational control data contains many uncertainties associated with a wide spread of the results of measuring the wall thicknesses of pipeline elements due to FAC nonuniformity. This is often caused by different loading conditions of different pipeline areas, as well as the stochastic properties of FAC process itself. Thus, for example, for the most common computer code CHECKWORKS, the discrepancy between the operational control data and calculated data is ±50% [1] . Due to the lack of reliable data on the factors included in the computer codes on NPP power units, the discrepancy is considered to be satisfactory even with a value between -50 and +250% [2] .
Recently, among the variety of different prediction techniques, intellectual information technologies are becoming increasingly popular, in which artificial neural networks are used. A large number of parameters that determine the intensity of FAC process in the elements of NPP pipelines exert a complex effect on each other. The ability of an artificial neural network to generalize can improve the prediction with regard to the magnitude of FAC without determining all the dependencies between the many factors that cause FAC process. The purpose of this paper is to optimize the scope and frequency of monitoring the technical condition of NPP second circuit pipeline elements by developing a method for predicting FAC process intensity based on the process statistical model and technology of self-learning neural networks.
FAC process computer simulation
The known models for predicting the development of FAC process in NPP pipelines, as a rule, use both analytical and empirical approaches. The analytical models based on a theoretical description of physical processes are used to study individual FAC mechanisms. The empirical models are built on the basis of operational control data and are divided into statistical and physicochemical.
Among the statistical models is the model of FAC process development prediction elaborated within the framework of a special calculation-experimental method (CEM), which allows, in addition to determining FAC, determining the resource characteristics (residual service life) of NPP pipeline elements with a single-phase medium.
The special CEM model [3, 4] is based on the computer simulation of the process of destroying materials and construction elements. To solve the problem of predicting FAC rate, the thicknesses corresponding to the pipeline nominal diameter, are chosen as the nominal thickness values. The calculation of FAC rate and service life of the elements of NPP pipeline systems is based on the use of data from the operational control of pipeline wall thicknesses, and since the pipeline FAC process is associated with the thinning of its walls, only information on the thinnings is used. When determining the permissible depth of FAC damage, the technique is based on the strength standards of NPP equipment and pipelines [5] .
The main parameters necessary for calculations, in addition to geometric (element type, diameter, wall thickness) and operational parameters (ambient temperature, operating pressure), include the date of inspection and the result of thickness measurement, as well as the time point for which the value of thinning is predicted.
As a result of computer simulation of FAC process, a sequence of corrosion defects with specified distribution parameters (mean depth and dispersion) is generated in the elements of NPP pipelines and the average destruction depth of the surfaces of the pipe-pipeline elements is predicted for a specified period of its operation. To assess the probability of destruction (when corrosion damage achieves the maximum permissible value), the dependence of the coefficient of variation (dispersion) of the destruction depth on the service life is determined. As a result of the calculation, at any loading stage, an output file is generated containing information on the change in the mean depth and dispersion of FAC damage in time.
The advantage of the developed model is the ability to obtain the distribution of wall thickness values of the pipeline element at any time, in contrast to the operational control data. The statistical model allows predicting FAC rate for straight portions, outlets, bends, and heat affected zones of NPP pipelines. The disadvantages of the model include the inability to evaluate the effect of metal physical and chemical properties (chromium, copper, and molybdenum content); working medium heat-hydraulic characteristics (temperature, velocity); water chemistry regime indicators, etc. on FAC rate.
The above disadvantage is absent in the approach to predicting FAC, based on the use of the mathematical apparatus of the theory of neural networks, which allow reproducing complex dependencies of input data from output ones. Neural networks have proven well in the field of simulation systems and processes, whose internal connections are either poorly understood, or implement complex interactions [6] . FAC of the elements of NPP pipelines relate to such processes. The use of a neural network to solve the problem of predicting FAC can allow assessing the mutual influence of all factors and improve prediction accuracy.
Models based on the use of neural networks
The models based on the use of neural networks can be considered as a promising alternative and addition to the traditional methods of estimating FAC of NPP second circuit equipment, including the above statistical model based on computer simulation.
The main characteristics of a neural network are the structure, number of layers, type of neuron, input and output values, and the learning algorithm. The choice of the input parameters of a neural network is determined by the volume and quality of the experimental data available for training.
To solve the problem of predicting FAC rate, it is proposed to implement a neural network model containing seven input parameters and two output ones. The input signals are selected taking into account their relative influence on FAC process. These are the medium temperature, pipeline internal diameter, oxy-gen content in the medium, coolant flow rate, hydrogen pH, time needed for the control (or start of operation), and the point of time for which the prediction is made.
The values of the input parameters necessary for the network operation are either monitored during operation or indicated in the design and working documentation. The factors affecting FAC rate, but not included in the model being implemented (chromium, copper and, molybdenum content in the pipeline metal, amine type) are assumed to be constant. The values of the input parameters in the developed neural network model were within the following ranges [2] :
-working medium temperature -142 to 300 °C; -pipeline diameter -89 to 630 mm; -oxygen concentration -0 to 40 mkg/kg; -working medium velocity -0.1 to 10 m/s; -pH -value is 7 to 10.2.
As the neural network output parameters characterizing FAC intensity, the rate and value of the pipeline element wall thinning (the change in the wall thickness divided by the nominal wall thickness) for the predicted time interval were chosen.
Here, the following is to be noted. When software for calculating FAC is developed abroad, it is assumed that service life does not affect FAC rate and change in wall thickness (thinning). This assumption can be realized if the factors accelerating FAC and those slowing it down are balanced by each other. However, for the operating conditions of NPP pipelines, the linear dependence of the amount of thinning on time and the constancy of FAC rate are not typical. Thus, for example, the analysis of measurements of the wall thickness of the feed water pipelines of NPPs with VVER-1000 shows that the average FAC rate in the first five years of operation is 0.84 mm/year, and in the next five years it is 0.38 mm/year, i.e. it is reduced by a factor of 2.2 approximately times [7] . Therefore, the use of the moment of control and the moment of time for which the prediction is performed as the network input parameters should make it possible to take into account the non-linear dependence of the pipeline wall thickness on time and, accordingly, improve prediction quality.
The most commonly used neural network activation function is the sigmoid function f(x)
where α is the parameter characterizing the slope of the activation function graph; x is the input parameter; f(x) is the value of the neuron output. The sigmoid function is strictly monotonically increasing, continuous and differentiable. The main advantage of this function is that it can be differentiated along the whole axis of abscissas and has a simple derivative
which makes it possible to significantly reduce the computational complexity of the neural network training method, which uses the error back propagation method [8] .
The initial data are converted to the form in which they can be fed to the network inputs. Normalization is performed when data of different dimensions are fed to different inputs. The data are normalized to the interval (0, 1) -the sigmoid function range of output values. The conversion of x into s is performed in accordance with the formula
where n is the number of x values. The inverse conversion from s to x is performed as follows:
As a method of training a neural network, the back propagation method is used, which assumes a forward and reverse passes through the layers of the network. During the forward pass, the input vector is fed to the input layer of the neural network, and then propagates through the network. As a result, a set of output signals is generated, which is the actual response of the network to this input image. During the forward pass, all the weights of the network are fixed. During the reverse pass, all the weights are adjusted according to the error correction rule, namely: the actual network output is subtracted from the desired one, resulting in an error sig-nal. This signal later propagates through the network in the opposite direction. The network weights are adjusted in order to maximally approximate the network output signal to the desired one.
The back propagation algorithm looks as follows. 1. A training pair is selected from a training set, and the input vector is fed to the network input. 2. The output of the network is calculated by the formula n is the number of input parameters; x i is the value of the i-th input; w i is the weight of the i-th input. The values of the weights are selected in the course of network training, which consists in approximating the output parameters to the expected values. Unfortunately, there is no universal method for selecting weights that would guarantee finding the best starting point for any problem being solved [8] . For this reason, in most practical implementations, a random selection of weights with a uniform distribution of values in a given interval (in our case in the interval (-0.5, 0.5)) is most often used. The very approach to training a neural network implies starting from the wrong position in the search for the right one.
3. The difference between the network output and the required output (the target vector of the training pair) is determined .
4. Weight change is determined by the formula , ) 1 (
where η is the parameter that determines the speed of training.
5. For each vector of the training set, steps 2 through 4 are repeated until the error on the entire set has reached an acceptable level.
As a teaching algorithm of the neural network developed, the teaching algorithm with a teacher is chosen. With this training, the set of input data is divided into two parts − the actual training sample and the test data. The training data are sent to the network for training, and the test data are used to calculate the network error.
Despite the fact that a large number of operational control data have been currently accumulated, only a small part of this data is processed. In addition, the analysis of monitoring data is difficult to perform due to the objective complexities associated with the presentation of measurement data and their accuracy. Therefore, in this work, test samples are generated on the basis of both the operational control data and computer simulation results.
Results of applying the developed methodology
A separate network must be built for each geometric type of pipeline elements (straight portion, bend, outlet, etc.), which will greatly simplify the neural network structure and improve the model accuracy. The developed methodology assisted in predicting FAC rate for pipeline straight portions with NPP second circuit single-phase medium.
Usually, in predicting, both an estimate of the expected variable value (in our case, FAC rate or pipeline wall thicknesses) and that of the time interval (at which the probability of finding the variable predicted values is preserved) are made. In some cases, predicting the specific values of the predicted variable is not so important as predicting significant changes in its magnitude, in particular, the pipeline element wall thickness reduction below the maximum permissible one. In this case, there are also used the results of calculations based on a computer-simulated statistical model.
The figure below shows the results of estimating the accuracy of approximating the results of the neural network operation (line -regression line, points -output values) for two test samples. The average quadratic error of the prediction calculated by the neural network for the case of using operational control data as a test sample is 0.035; for a test sample based on the calculations using a statistical model that uses CEM it is 0.037. Almost the same error in predicting FAC rate in the case of using two different test samples indicates the possibility of applying the results obtained by the calculation and experimental method for test samples in the absence of the required amount of exploitation control data, verification of the neural network being developed for each type of NPP pipeline elements, refinement of calculation results and predictions.
With the help of the developed neural network, the inverse problem can also be solved, when the value of one of the unknown initial parameters (temperature, medium velocity, oxygen concentration, etc.) can be calculated from the known value of FAC rate.
Conclusions
The principal possibility of using the technology of self-learning neural networks for predicting FAC rate in the pipeline elements of NPP second circuit has been established.
The joint use of the two components (the developed methodology based on CEM and neural network) may be useful in assessing the possibility of reliable and safe operation of NPP pipeline elements subject to FAC.
The main advantage of the developed approach is the possibility of carrying out predictive calculations of FAC rate and the optimizing operational control.
With the help of the developed neural network, it is possible to solve both direct problems, in which the input values determine the output value (FAC rate) of the model used, and inverse ones, in which the known output values are used for searching the input data leading to the appearance of the available output ones. Thus, the developed methodology can be used to assess the effectiveness of water chemistry regimes, to study the effect of both geometry and regime parameters on FAC intensity of NPP pipeline elements. На основі комплексного підходу, що використовує комп'ютерне моделювання процесу руйнування конструк-ційних матеріалів і технологію самонавчальних нейронних мереж, розроблено методологію прогнозування швидкості ерозійно-корозійного зносу (ЕКЗ) елементів трубопроводів з однофазним середовищем другого контуру АЕС. Нейро-мережева модель реалізована в середовищі програмування Delphi. Нейронна мережа складається з вхідного шару, що містить сім елементів, і вихідного шару з двома елементами. Як вхідні змінні нейронної мережі обрані параметри, які чинять найбільший вплив на процес ЕКЗ. Це температура середовища, внутрішній діаметр трубопроводу, вміст кисню в середовищі, швидкість течії теплоносія, водневий показник, час проведення контролю (або початку експлуа-тації) і час, на який здійснюється прогнозування. Для кожного з вхідних параметрів мережі вибиралися інтервали можливих значень. Проте чинники, що впливають на швидкість ЕКЗ, але не увійшли в реалізовану модель (вміст хро-му, міді та молібдену в матеріалі трубопроводу, тип аміну), прийняті постійними. Вихідними параметрами нейрон-ної мережі є швидкість ЕКЗ і зміна товщини стінки елемента трубопроводу за прогнозований часовий інтервал. Як метод навчання нейронної мережі обраний метод зворотного поширення помилки, що передбачає прямий і зворот-ний прохід. Навчальним алгоритмом нейронної мережі є алгоритм навчання з учителем. Для тестової вибірки пропо-нується, поряд з даними експлуатаційного контролю, використовувати результати розрахунків за статистичною моделлю, створеною в рамках спеціального розрахунково-експериментального методу. Встановлено принципову мо-жливість використання нейронних мереж для прогнозування швидкості ЕКЗ в елементах трубопроводів другого ко-нтуру АЕС. Розроблений підхід дозволяє поліпшити точність прогнозу швидкості ерозійно-корозійного зносу без ви-значення всіх залежностей між безліччю факторів, що впливають на процес ЕКЗ. Низькі значення помилок побудова-них моделей дозволяють використовувати результати розрахунків для визначення ресурсних характеристик трубо-проводів з однофазним середовищем другого контуру АЕС і оптимізації експлуатаційного контролю.
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